Introduction
Mathematical models have a long history of use to advance and complement ecological thinking. Many early models were largely theoretical, given difficulties in estimating the values of model parameters, particularly for the more complex multispecies and ecosystem models. The past two decades have seen an increased need expressed for quantitative approaches to evaluate the nature and impact of fishing on predators that share a fished resource (e.g., Plagányi and Butterworth 2005, Hill et al. 2006) . Examples include the potential impact of the South African pelagic fishery on African penguins Spheniscus demersus (e.g., Pichegru et al. 2010 , Butter worth et al. 2011 , impacts of the Californian fishery for rockfish on seabird productivity (Field et al. 2010) , as well as examination of spatially explicit management decisions pertaining to the endangered Steller's sea lion Eumetopias jubatus in the North Pacific (Wolf and Mangel 2008, Lander et al. 2009 ), and krill-dependent E-mail: Eva. Plaganyi-Lloyd@csiro.au predators in the southern hemisphere (Alonzo et al. 2003 , Constable 2006α, Hill et al. 2006 . It is increasingly acknowledged that forage species such as krill (Euphausia superba) play a keystone role as prey for a variety of higher-trophic-level species (Reid and Croxall 2001) . Poorly regulated fishing potentially threatens the future survival of not only the forage species themselves, but also the predators dependent on them. Mathematical models are useful to quantify species interactions, environmental and fishing impacts, and to assess and compare the ecosystem risks of alternative fishing strategies.
One pragmatic way forward involves constructing a minimally realistic model (MRM; sensu Punt and Butterworth 1995) , which restricts focus to important processes and interactions only. Such models are intermediate in complexity in terms of bridging the gap between single-species assessment models and more complex ecosystem models that encompass many more species groups or model compartments (Plagányi 2007) . They nevertheless include enough complexity to allow sensitivity analysis of critical model components, such as the functional relationships between predators and prey density (Plagányi 2007) .
This paper summarizes a spatial multispecies operat ing model (SMOM) of krill-predator-fishery dynamics (7) Elephant Island (ΑΡΕΙ), (8) Antarctic Peninsula East (APE), (9) South Orkney Pelagic Area (SOPA), (10) South Orkney West SOW), (11) South Orkney North East (SONE), (12) South Orkney South East (SOSE), (13) South Georgia Pelagic Area (SGPA), (14) South Georgia West (SGW), and (15) South Georgia East (SGE).
in the Scotia Sea that has been used to take into account some of the major sources of uncertainty in a multispecies model with applications to management. Operating models (OMs) are mathematical-statistical models, such as MRMs, that represent "true" underly ing resource dynamics, as a basis for simulation trials to evaluate the trade-offs associated with alternative management options (Rademeyer et al. 2007) . OMs (especially single-species models and MRMs) are typi cally "conditioned" on available information (including fisheries and ecological data, analogous to fitting an assessment model), by adjusting parameter values to ensure plausibility and consistency with this information (Rademeyer et al. 2007) .
SMOM has been developed in response to requests for scientific advice by the Commission for the Conservation of Antarctic Marine Living Resources (CCAMLR).
CCAMLR was one of the first bodies to explicitly account for the requirements of natural predators of the species being fished, by setting a target level for krill at 75% of the median pre-exploitation biomass (SC-CAMLR 1990, Butterworth et al. 1994) . Although this measure is very conservative by most fisheries management standards, krill catches could nonetheless make an appreciable ecosystem impact if they are concentrated in small localized areas that simultaneously serve as important foraging grounds for dependent predators. Both SMOM and two other approaches, EPOC (ecosystem productivity ocean climate; Constable 20066) and Foosa (Waiters et al. 2005 , CCAMLR 2008 , have been used to inform advice concerning subdivision of the total catch for krill among 15 small-scale management units (SSMUs) in the Scotia Sea and Drake Passage (CCAMLR statistical subareas 48.1 48.3; Fig. 1 ). This is sometimes also referred to as the Antarctic Peninsula region, but for simplicity we hereafter refer simply to the Scotia Sea region.
The primary aim of this research is to assess and to ameliorate current and future potential impacts of fishing on predators, given that localized depletion effects may already be occurring and that krill catches may increase substantially in the future. To this end, we use SMOM to compare four catch allocation options for distributing the catch limit among the SSMUs in the Scotia Sea, as put forward by Hewitt et al. (2004): proportional to (1) historical catch within the SSMU; (2) estimated predator demand in the SSMU; (3) estimated standing stock of krill in the SSMU; and (4) standing stock less annual predator demand in the SSMU.
Methods

General modeling approach
Ecosystem models, especially larger whole-ecosystem models, are typically not conditioned (fitted) to data (Plagányi 2007 , Rose et al. 2010 ). In the case of the Scotia Sea, there are insufficient data to construct a fully conditioned model. The approach adopted was thus to utilize data wherever possible and to integrate results across key uncertainties. This was achieved by using a number of alternative models, the so-called reference set (Rademeyer et al. 2007) Tables Dl  D5) . SMOM was conditioned using this set of reference observations for the Scotia Sea (hereafter referred to as the "SAM calendar"). In combination with simulations that integrate across a broad range of uncertainty, this approach serves as a contribution to efforts to distinguish among the merits of alternative spatial subdivisions of the krill catch in the Scotia Sea.
Model structure
The operating model (OM) developed to simulate the dynamics of the Scotia Sea ecosystem includes all 15 SSMUs ( Fig. 1) and uses a six-month (two season) time step to update the numbers of krill in each of the SSMUs, as well as the numbers of predator groups in each of these areas. The model currently includes four "generic" predator groups (penguins, seals, fish, and whales) and a single prey group in the form of krill (Fig. 2) .
The OM is coded in AD Model Builder (Fournier et al. 2011) . Krill dynamics are governed by a modified discrete logistic model, whereas the predator groups' dynamics are represented using delay difference equa tions (Tables 1-2; see Appendix A for a full description).
The relative fishing effort per SSMU is computed by spatially distributing the total krill catch using one of the four catch allocation options (Table 3 ). There are no appropriate predator time series data available at the C=Tvwy+K-r+1)<?7/(ß"-r+i)^ys;
Predators (winter)
Breeding success as a function of krill biomass
Steepness of predator-prey interaction relationship
Notes: The steepness parameter hJ (taken to be the same for all SSMUs a) largely controls the shape of the relationship between predator breeding success and prey availability. See Table 2 for a list of symbols and Appendix A for a full description of the model. Note that Ny = Ny-S\. biomass of krill in small-scale management unit (SSMU) a at time step t (with two time steps per year y) number of predator species j in SSMU a in year y number of predator species j in SSMU a at the start of seasons (seas) si (summer) and s2
(winter) in year y fishing proportion (catch = Ρ',Β") on krill in SSMU a at time step t breeding success factor (multiplier for P), which is a nonlinear function of the biomass of krill in SSMU a in year y for predator species j intrinsic growth rate of krill in SSMU a at time t (seasonal dependence not indicted by a subscript to avoid cluttering the notation throughout) average carrying capacity of krill in SSMU a maximum per capita consumption rate of krill by predator species j krill biomass when the consumption and hence also birth rate of species j in SSMU a drops to half of its maximum level proportion of mature females in the mature population of predator species j age at first maturity, taken for simplicity to be one less than the age at first reproduction (i.e., assuming a one-year gestation or development period)
fraction of chicks/pups that are female for predator species j maximum proportion of fledged chicks or pups surviving to the end of their first year of life per pair of predator j per year carrying-capacity-related term for predator species j in SSMU a post-first-year annual survival rate of predator species j in season seas maximum first year (juvenile) survival rate (post fledging or post-weaning) of predator species j "steepness" parameter for the breeding success function for each predator species j parameters for the (predator-dependent) breeding success function for SSMU a, with β = (oí -1 )Ka parameter that reflects fluctuation about the expected curve for SSMU a in year y, which is assumed to be normally distributed standard deviation of normal distribution describing fluctuation about the breeding success curve recent annual steady growth rate of krill and predator species j see Table 3 see Fig. 3 rf ( computed using R> (Appendix A: Eq. A. 14); whales initial N/K = 0.1 Table 4   Table 4   Table 4 computed using and h' (Appendix A: correct scale to which to formally fit the model. However, models contributing to management advice on this issue need to demonstrate that they are consistent with a compiled list of likely changes in predator and krill abundances in the Scotia Sea (termed the SAM calendar; Hill et al. 2008) . The SAM calendar consists of spatially resolved values for the density of krill, and the abundance of "generic" seals, penguins, and whales in three years (see Appendix D: Tables D1  D5) . The calendar broadly depicts historic changes in biomass; for example, a higher krill density over the period from 1970 to 1985 than over the more recent period from 1986 to 2007. The trends for predator species were assumed the same in SSMUs 1-12 and in 13-15, but their numbers were scaled using SSMU specific estimates of abundance ). There are a number of ways in which predator dynamics could be linked to the abundance of krill. In the interest of constructing as simple a model as possible, consistent with the MRM philosophy, this is not effected through a term related to consumption. Rather, the models developed assume that breeding success is likely to be the most sensitive of the various demographic parameters to changes in prey abundance (Boyd et al. 1995 , Croxall et al. 1999 . Density dependence in predators such as seals and penguins is assumed to affect primarily the youngest age classes (e.g., Doidge et al. 1984 , Boyd et al. 1995 , Stokes and Boersma 2000 . A breeding success factor fiB") (see Table 1 and Appendix A: Eq. A.2) is thus formulated as a function of the available biomass of krill (i.e., krill biomass in SSMU a in year y) and acts as a multiplier of the juvenile recruitment parameters, namely the reproductive rate Ρ and/or the juvenile survival rate. Thus the predator-prey interaction term links predator breeding success directly (and nonlinearly) with prey abundance, avoiding the need for an explicit consumption-related term.
A single parameter value h (see Table 1 and Appendix A: Eq. A.9) determines the breeding success for each area for predator species j as a function of the average krill unfished biomass in that area (Fig. 3) . The parameter h controls the "steepness" of the curve (Francis 1993) , and hence the level of krill abundance (relative to the unfished biomass) below which there is an appreciable negative impact on predator breeding success. This level is not well known for most krill dependent predators, but nevertheless two values of h can be selected that roughly bound the likely range in this relationship (see Fig. 3 ). Moreover, rather than assuming a deterministic relationship, variability is added whose extent is controlled by the choice of a value for the parameter ctBr, the standard deviation describing the extent of fluctuation about the breeding success curve (see Eq. A.8 in Appendix A).
Accounting for seasonality.-A seasonal component is necessary to temporally separate the fishery from predator demands, particularly for the South Georgia SSMU, which is characterized by a fishery that operates during the winter months. In SMOM, years are split into a "summer" si season and "winter" s2 season. The krill population in each SSMU is thus updated each year using two time-steps, with the possibility of setting different growth rates, and catches/fishing proportions for each of the six-month periods si and s2 (Appendix A: Eq. A.l). Moreover, whereas consumption estimates for si are computed based on the numbers of predators present in each SSMU (and assumed confined to that SSMU because of their breeding), during s2 the predators are assumed to range widely (CCAMLR 2006) and to distribute themselves in the same propor below a threshold value, preliminarily set (arbitrarily) at 20% of the level at the start of the projection period. Thus in some cases the krill catch may be less than the spatial catch allocation. This provides a rough way of accommodating an economic concern of the fishery regarding threshold krill densities below which fishing becomes uneconomical (Hill et al. 2009 ). It parallels the notion from optimal foraging theory in which predators move on when prey density falls below a threshold level.
A reference set of OMs to bound uncertainty.-The initial reference set of OMs used comprises 12 alterna tive combinations per predator to broadly bound the uncertainty in the choice of survival rate estimates as well as in the breeding success relationship. Sensitivity analyses showed that survival rates are the parameters to which the model results are most sensitive, but little information exists to estimate them reliably.
For each predator species, the following parameter values are thus input: (1) a high, medium, and low adult annual survival rate; (2) an upper and lower bound for the maximum juvenile annual survival rate; and (3) two alternative values (hi, h2) to roughly bound the likely "steepness" of the breeding success relationship (Fig. 3) .
This leads to a total of 3X2X2=12 alternative OMs to represent the dynamics of each predator. This number of combinations then could be raised to a power equal to the number of predators included, so that the number of OMs would become extremely large. Given computa tional constraints, coupled low, medium,, and high survival rate scenarios for each predator are assumed to restrict the number of operating models to 12. A total of 10 replicates of each OM are run, yielding a total of 120 simulations per scenario.
Model parameter values.-To facilitate model com parisons, SMOM and Foosa used the same model inputs wherever possible (CCAMLR 2006 (CCAMLR , 2008 . Most of these inputs, including essential information on the total demand for krill from key predator species in each SSMU, are summarized in Hill et al. (2007) . Parameters for several species were combined by Hill et al. (2007) to represent "generic" predators as this was considered the most pragmatic way to proceed, notwithstanding that differences among individual species may be important.
Krill
Colder, more southerly, water is more optimal for krill growth, given that growth declines for temperatures >1°C (Atkinson et al. 2006) . The basic krill intrinsic growth rate parameter is set at 0.3 (summer) and 0.4 (winter; Table 2 ; see also Mori and Butterworth 2006) . The predator consumption rate parameters V are based on the estimates presented in Hewitt et al. (2004) . Krill numbers are converted to biomass assuming an average krill mass of 0.46 g (Hill et al. 2007 ). The relative spread of fishing effort across the different SSMUs under each of the four catch allocation options is as shown in Table 3 .
There are no empirical data at the correct scale to inform on modeling of krill movement. The model version presented here assumes no movement of krill between SSMUs. Although it is possible to include movement, this serves as a lower conservative bound because it explores a scenario in which locally depleted prey is not easily replenished by transport processes. In contrast, Foosa included a high movement scenario. The different model structures representing the same ecosys tem are useful in sharing the focus on different aspects of model structural uncertainty.
Predators
The same delay difference equation is used to describe "mature" females (i.e., adult females past the age-at-first parturition or first laying) of all predators (penguins, seals, fish) except whales. Given the large movements undertaken by whales, their dynamics are not determined at the individual SSMU scale but rather based on the total prey abundance across all the SSMUs. Moreover, all whales are assumed to have migrated out of the area as it is modeled during winter. No whale catches are included given their low impacts over the relatively recent period considered.
The other predators in the Scotia Sea region are not confined to their SSMUs during the winter months (CCAMLR 2006 ). In the model, they are assumed to distribute themselves according to the relative abundance of krill in the region, and then to return again to their natal SSMUs at the start of spring. An important assumption in SMOM is that the fishery acts as an "inferior" competitor to predators (fishing occurs only after consumption by predators is modeled to have taken place).
Given estimates of the predator growth rates R1 from Hill et al. (2008) , the only parameter not yet accorded a value in the equilibrium equation (Appendix A: Eq. A. 13) is the maximum predator breeding success parameter P*. Note that the actual realized breeding success is adjusted by the value of ßß"y), which is a function of the krill depletion level relative to average carrying capacity Κ (see Fig. 3 ). The average number of offspring per mature female that survive the first year of life is given by the product f(Bay)PJSJiav, which includes both intra-and interspecific density-dependent compo nents. In combination, these terms thus roughly capture the pregnancy rate, survival until fledging (for penguins) or until pups leave their natal colony (for seals), and to the SAM-calendar reference observations to assist in refining parameter estimates for each of penguins, seals, and whales. The main method of conditioning involved estimating the shape parameter (the "steepness," hJ) of the predator-prey interaction formulation. This proved par ticularly useful for informing two aspects of the model: 1) For fish, there are no calendar observations describ ing the change in the relative abundance over time, but an estimate of the recent abundance per SSMU is provided in Hewitt et al. (2004) . Moreover, historic catch data were sourced (Appendix C: Table CI ). The OM was thus used to estimate the 1970 starting abundance of fish in each SSMU that would result in the recent abundance given the historic catch record and dynamics as described in Appendix A: Eq. A.2.
2) For each of the three predator groups penguins, seals, and whales, the parameter hj that resulted in the best fit to the SAM calendar numerical values was estimated for each combination of survival values.
OM estimates of hJ for each predator are shown in 
Results
The conditioned trajectories of penguin, seal, and fish abundance (expressed as abundance [number of indi viduals]) for three illustrative SSMUs and krill biomass are shown in Fig. 4 . The plots show comparisons with the empirical abundance estimates (SAM calendar) from Hill et al. (2008) . For krill and fish, the historic catches are also shown.
As a preliminary illustration of differences resulting In the interests of brevity, detailed results are illustrated for a single SSMTJ only, SSMU 3 (Drake Passage West; Fig. 6 ), when compared across the four different catch allocation options. Results were broadly consistent across all SSMUs (see Plagányi and Butterworth [2007, 2008] for further results). For presentation purposes, trajectories of predator group abundances are summarized by showing annual median values and 90% probability envelopes ( , in three illustrative SSMUs from 12 operating models (OMs) that constitute the reference set, and when using the SAM calendar krill biomass as an input (bottom row; see Methods: General modeling approach for an explanation of the SAM calendar). The crosses represent empirical abundance estimates from Hill et al. (2008) . For krill and fish, the historic catches are shown as the shaded regions in the plot. As the krill catches were very small compared to krill biomass, these are plotted on a different scale (thousands of tons), which is shown on the right-hand vertical axis for easier viewing. Whale abundance (not shown) summed over all SSMUs increased approximately exponentially and fitted the empirical estimates closely. uncertainty inherent in multispecies models than plots presenting results in point estimate form only. The projected whale numbers across all SSMUs are not presented here as they hardly differed across the scenarios.
Simulations to compare the four catch allocation options demonstrated that, overall, option 1 resulted in relatively poorer performance (Figs. 5 and 6 ). This option, which is based on historic catches, leads to some two-thirds of the krill catch being taken from three non-pelagic SSMUs (3, 10, and 15; Table 3 ); hence it is not surprising that this option performs poorly in terms of predator trends in these regions (Figs. 5 and 6) . A large initial decrease in penguins is also evident in SSMU 7, which has the next largest historic catch (Fig. 5) . Catch allocation options 2,3, and 4 to a lesser extent, result in the majority of the krill harvest (see Table 3 ) being taken from the three pelagic areas (SSMUs 1, 9, and 13) because these had the highest observed krill standing stocks during the CCAMLR_2000 survey (Hewitt et al. 2002 (Hewitt et al. , 2004 . These results are consistent with previous work ) that suggested catch allocation options 1 (based on historical catch) and 4 (proportional to estimated standing stock less predator demand per SSMU) performed worse than options 2 and 3, and that those last two options were the most difficult to distinguish in terms of performance. Attention was thus focused on some of the possible tradeoffs in selecting between catch allocation option 2 (allocation propor tional to the estimated predator demand in the SSMU) and 3 (allocation proportional to the estimated standing stock of krill in the SSMU) in terms of catch levels, fishery distributions, and risks to predator populations. The total krill catch allowed (for the resource as a whole) is computed as a proportion (γ) of the
Fig. 6. Future projections generated by SMOM for penguin, seal, and fish abundance in SSMU 3 compared under catch allocation option: (a) option 1 (proportional to historical catch within the SSMU), (b) option 2 (proportional to estimated predator demand), (c) option 3 (proportional to estimated krill standing stock), and (d) option 4 (proportional to standing stock less annual predator demand in the SSMU), from 120 OM projection replicates. Annual median values are shown as a dark dotted line, and the shaded areas show 90% probability envelopes. Note that projections assume fishing occurs for the first 20 years but is set to zero thereafter (indicated by a vertical line) to allow the extent of subsequent resource recovery to be assessed. unexploited population biomass (B0) (Butterworth et al. 1994) , where γ is currently set at 0.093. The impact on krill populations was assessed by computing the probability that krill abundance measured at the end of the fishing period is less than 75% of the median abundance from comparable no-fishing trials, with a large variation in the responses predicted for the different SSMUs (Fig. 7) . The average probability increased approximately linearly as yield multiplier values (i.e., values that multiply γΒ0) were increased from 0.15 (equivalent to the current trigger level; the trigger level is less than the total allowable catch, and once catches exceed this level, it becomes mandatory for CCAMLR to implement spatial subdivision of the catches) to 2 (Fig. 7) . The model-estimated probabilities that penguin and seal populations would be depleted below 75% of the abundances from comparable no fishing trials, increase markedly at harvest proportions that exceed 0.5γ for both options 2 and 3 (Fig. 8) .
Results are similar under both options, and it is difficult to discriminate between them, although there is a slightly higher risk predicted under option 2 (Fig. 8) .
Discussion
The spatial multispecies operating model (SMOM) described here has contributed to the provision of scientific advice regarding the subdivision of the total krill catch among 15 small-scale management units (SSMUs) in the Scotia Sea. SMOM is relatively simple and has been constructed to require as few parameters as possible -the alternative sets of parameter values that define the OMs of which the reference set is composed are useful in bounding two key areas of uncertainty: the choice of survival rate estimates and of the predator-prey interaction forms. The approach in representing the latter formulation is flexible and accounts for some of the uncertainty pertaining to predator-prey relationships.
Although unconventional in a fisheries management context, conditioning through the use of qualitative trends based on expert knowledge was proposed by CCAMLR as a practical step forward in ecosystem modeling. The conditioning process was useful in reducing some of the uncertainty associated with key model parameters. For example, lower survival rate estimates could be excluded as these had been shown to be incompatible with observed rates of population increase. Moreover, the conditioning process assisted in resolving some of the uncertainty in the response of predators to krill biomass, with penguins predicted to respond earlier to decreasing levels of krill abundance because of the low steepness value of the functional relationship (Table 4 , Fig. 3 ) estimated for that species. However, the modeling results need to be interpreted fairly broadly given the use of generic predator groups, rather than individual species. Naturally there are individual species differences that may be important, and their behaviors may not be adequately captured by the use of average parameter values for predator groups.
Minimally realistic models (MRMs) are a pragmatic choice in the process of moving from single-species models to the extremely ambitious and demanding aim of a reliable predictive model for all major ecosystem components (Butterworth and Plagányi 2004 ). The choice of the level of complexity for an ecosystem model is critical, and it is acknowledged that adopting a MRM approach may have consequences on the results due to excluding second order effects. Reducing the number of species considered, or aggregating similar species into groups as in this case, reduces the number of inter species links that need to be modeled, but consequently also reduces the number of weak links included in the model that may lead to incorrect inferences regarding possible behavior of the system (Yodzis 1998) . The approach adopted here adheres to two important guidelines (Fulton et al. 2003 ) not to aggregate serially linked groups (predator and prey), and similarly not to do so for species, age classes or functional groups with rate constants that differ by more than two-to threefold.
Future work could explore the consequences of disag gregating generic species groups into individual species representations.
Fish are major consumers in the system modeled and hence their presence impacts on the other predators. It was therefore considered important to try to represent the fish dynamics as realistically as possible in the model.
We accounted for the occasional high fish catches observed in the region; although these analyses could be further refined, they suggest that fish populations in several of the SSMUs are much reduced compared to their starting (1970) levels (Fig. 4) . Overall the basic model, as conditioned, successfully reproduces the direction and timing of changes in predator abundances as specified by Hill et al. (2008) . Nonetheless, these results should be interpreted broadly as there is currently only weak evidence to support the assumed historic trend in krill biomass.
There is considerable variation among SSMUs in the response to different catch allocation options. However, Yield multiplier Fig. 8 . Model-estimated probability that predator abundance for each SSMU when measured at the end of the fishing period is <75% of the abundances from comparable no-fishing trials, with results presented for individual SSMUs and predator groups. Probabilities are averages by SSMU, assuming equal weighting, over a reference set including 12 OMs. Catch allocation options are defined in the Fig. 6 Thus, although option 1 is considered undesirable from a predator perspective, it may be the preferred scenario when considering the costs to and hence the efficiency of the fishery itself. The OMs predict that catches could be greatest in pelagic SSMUs (Table 3) . However, although available biomass may be higher in those SSMUs (because the total area of these SSMUs is substantially greater than the area of coastal SSMUs), there is a risk that krill densities in these large pelagic areas could fall below thresholds that are economically viable for the operation of fishing vessels (Hill et al. 2009 ).
In terms of impacts of increasing krill catches on the krill population, the responses in respect of krill abundance at the end of the fishing period were similar under options 2 and 3 (Fig. 7) . There is an increase in risk that krill abundance measured at the end of the fishing period will be less than 75% of the median abundances from comparable no-fishing trials as the harvest proportion increases beyond 0.15γ (the current trigger level). The broad scatter of points in Fig. 7 suggests that, under a no-movement scenario, there is substantial variation in the risk for individual SSMUs that the local krill population abundance falls below 75% of its abundance in comparable no-fishing trials. The risk that predator populations would be depleted below 75% of the abundances that might occur in the absence of fishing rises markedly at harvest proportions that exceed 0.5γ for both options 2 and 3 (Fig. 8) . Results reported here have focused on impacts on penguins and seals rather than fish because of the greater uncertainty associated with the fish trajectories. At moderate harvest ing rates, preliminary model results indicated the possibil ity of high relative impacts on fish when compared to the no-fishing option because fish are assumed to be on a recovery trajectory. Changes in harvest proportions had negligible impacts on whales because of the assumption that whales can move between SSMUs. Despite the considerable uncertainties, some of which at least have been included in SMOM, it was thus possible to discriminate between catch allocation options 1, 4, and 2-3, although less possible to discriminate between options 2 and 3 (see also Watters et al. 2008) .
The model and results presented here are part of an ongoing process. The spatial and (ecological) multispecies OM described here is intended for use as part of a management procedure (MP [Butterworth and Punt 1999] or, equivalently, management strategy evaluation, MSE [Smith et al. 1999] ). MPs are simulation approaches that test and compare the performance and robustness of a number of alternative management options that are designed to satisfy multiple conflicting objectives. A key aspect of the MP approach is that the method proposed to compute quantitative management advice has been tested across, a wide range of scenarios for the underlying dynamics of the resource using computer simulation. An advantage of the process being followed by CCAMLR is that multiple ecosystem models with different model structures and parameterizations are to be used as OM.
Ecosystem/multispecies models are difficult to validate and hence if different models give qualitatively similar results, this can increase the confidence in these models. To date, the two approaches SMOM and Foosa have generally predicted qualitatively similar trends in the response of dependent species to' alternative krill catch allocation options.
It is recognized that there are a number of key uncertainties and model assumptions that could bias model predictions. Two approaches that have been pursued here in response to this are first to integrate model results across a wide range of uncertainties. Secondly, the range of uncertainties considered is expanded through the use of multiple models, which thereby capture broader alternative scenarios and model structures. For example, SMOM models the fishery as an "inferior" competitor and thereby differs from Foosa in which the predators and the fishery are modeled as "equal" competitors for krill. Moreover, the SMOM model version presented here assumes no movement of krill between regions, whereas Foosa focuses on alternative movement scenarios. Earlier work (Watters et al. 2005 highlighted the importance of checking the robustness of model conclusions to a wide range of assumptions for the rate at which krill is transported into the Scotia Sea: if the rate of krill transport is increased it is obvious that the demands of predators may be met in a SSMU even when static mass balance calculations suggest otherwise.
Concluding Remarks
Many of the theories in ecology are expressed in terms of mathematical models. As knowledge of ecological systems advances, so more and more details are integrated into the models. However, representing the full complexity of natural processes leads to mathemat ical models that may be intractable and usually give rise to parameter estimation difficulties, and hence the art resides in finding the right trade-off between biological complexity and mathematical tractability.
The field of quantitative fisheries stock assessment encompasses this philosophy in that it has developed to provide a scientific basis for the sustainable utilization of renewable resources. In narrowing its focus, fisheries modeling has developed some innovative and functional techniques (Sainsbury et al. 2000 , Butterworth 2007 , Smith et al. 2007 ), which have not yet diffused across to other terrestrial ecology fields (Milner-Gulland et al. 2010) . We suggest these techniques could be developed and used in other research areas and systems, particu
